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Abstract 
In this paper, we propose a method of estimating the mental workload (MWL) of a motorcycle rider through the application of 
machine learning methods. The eye movement parameters of the motorcycle rider are measured under two run objectives, the one 
leads to a high MWL and the other one leads to a low MWL. The parameters are saccade duration, eye fixation (short stop), 
tracking frequency, saccade amplitude, and most frequency eye movement velocity. They are taken as explanatory variables for a 
discriminant function. By applying machine learning methods, we find that we can determine rider’s MWL under preset running 
conditions with a high accuracy (ı80%). 
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1. Introduction 
To avoid accidents, a driver of automobiles, motorcycles, and other vehicles must continually acquire and process 
various information from their eyes, ears, and other sensory organs. The information includes the movements of 
other vehicles and pedestrians, guidance provided by road signs and traffic signals, and various situations and 
changes in the road environment. These incidents require a lot of driver’s attention [1]. However, there is a limitation 
on the amount of information that a driver can simultaneously track and process [2]. Increasing the amount of 
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information that a driver must process, such as heavy traffic and conversations, may lead to human errors (i.e., 
oversights, misinterpretation, misjudgment, or inappropriate driving behavior). These errors also cause to traffic 
accidents. [3]. In this research, we define mental workload (MWL) as the cognitive load which a motorcycle rider 
takes while a rider processes various information to operate the motorcycle safely. We consider a method of 
estimating MWL quantitatively during riding. 
The previous research suggests there are causation between increasing MWL and cognition of visual information. 
In other researches, there is possibility of evaluating MWL without affecting the driving operation. Under this 
approach, MWL during vehicle operation is treated quantitatively by measuring various parameters from eye 
movement patterns [4].  
This study examines a method of estimating rider’s MWL by using eye movement parameters which are applied 
machine learning methods. 
2. Experiment of Motorcycle driving 
2.1. Experimental method 
Participants in this study were 16 healthy men who were experienced in motorcycle operation and qualified to 
serve as test riders.  
The experiment was carried out on a 5 km circuit at the Japan Cycle Sports Center (Fig. 1). All participants wore 
an instrument-equipped helmet shown in Fig. 2. Mounted devises on the helmet were cameras which measured 
rider’s eye fields and eye movements(EMR-9, NAC), and gyro sensors which measured rider’s head rotation 
(CRS03-04S, Silicon Sensing Systems). The sampling rate for measuring eye movements was 119.65 Hz. Fig. 3 
shows the arrangement of measuring devices. Two motorcycles (XJR400R,XJ6N,Yamaha motor) were used for 
measuring various vehicle-related data (position, speed, etc.). The experiment was conducted under preset run 
objectives which are aimed to control rider’s MWL. In this experiment, eye movements were measured under two 
run objectives which lead to different MWL levels. 
Run objective 1 (low MWL): Stable run under a sufficient safety margin. 
Run objective 2 (high MWL): Fast run under a sufficient safety margin. 
The experiment was conducted by using the procedures shown in Fig. 4. First, each rider conducted one lap run 
objective 1.And then a second lap run objective 2 was conducted. These were conducted twice, riders conducted in 
total four laps. The first condition riders conduct is run condition1 which leads to relatively light MWL. And then, 
run condition2 which leads to relatively heavy MWL was conducted. The reason why we took this procedures is for 
rider’s safety (i.e., to allow riders to get used to the motorcycle and test course under a relatively light MWL before 
moving on to the more demanding condition). 
Fig. 1. Japan Cycle Sports Center (5 km circuit) 
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Fig. 2.An instrument-equipped helmet 
Fig. 3.Arrangement of measuring devices 
Fig. 4. Procedures of experiment 
2.2. Experimental results 
Following previous research that relates saccade duration and most frequency eye movement velocity to changes 
in MWL while driving an automobile [5], we examine the effect of different condition of motorcycle operation. For 
the purposes of this research, we define saccade motion as eye rotation at an angular velocity of ı30°/s over a 
travel distance of ı3.5°. In line with this definition, saccade duration is defined as the time required to complete 
one saccade motion[6,7,8]. We took the most frequency eye movement velocity to itself be the most frequently 
recorded angular velocity among the peak angular velocities of eye rotation measured while running along the 
course. By controlling for the run objective (low or high MWL) and the course portion (straightaway or turn), we 
were able to investigate the effect of these factors on eye movement parameters. The classification of course portion 
is based on data obtained from a gyro sensor (nav420, Silicon Sensing Systems) attached to the motorcycles. A 
“turn” is considered to begin at the point when yaw rate of the motorcycle remains above 5°/s for two continuous 
seconds and end at the point when the yaw rate drops back below 5°/s. 
These data were used in three-way analysis of variance of the various eye movement parameters based on run 
objective (low MWL, high MWL), track area (straightaway, turn), and lap number (first lap, second lap). 
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Statistically significant results for most frequency eye movement velocity and saccade duration are shown in Fig. 5 
and 6. These figures are based on data from 12 riders and exclude erroneous data. 
In lap2 of Fig. 5, there is a significant difference in most frequency eye movement velocity between run 
objectives. Under run objective 2, most frequency eye movement velocity tended to be smaller than under run 
objective 1 (p < 0.05). Thus, as MWL increases, saccade velocity decreases.  
Fig. 6 shows that saccade duration and most frequency eye movement velocity follow an inverse trend. Saccade 
duration for run objective 2 tends to be longer than run objective 1 (p < 0.01). Considering that there is no difference 
in saccade amplitude between the run objectives, it is thought that when MWL is high, arider takes more time to 
cover an equivalent shift in gaze point. In other words, a rider lowers the speed of saccade movement. We also did 
not observe any notable difference in correction probability (an indicator of the probability of a corrective saccade) 
between the two run objectives, which suggests that saccade accuracy is the same level under both run objectives. 
These results suggest a possibility that as MWL increases, the amount of informational processing resource that can 
be allocated to saccade motion (gaze point shifting) decreases and, accordingly, so does the accuracy of efforts to 
track the gaze point among visual objects that require tracking, a deficiency in gaze-point accuracy that the driver 
attempts to correct by slowing down the saccade speed. If this is correct, it would suggest that the most frequency 
eye movement velocity could serve as an indicator of rider MWL. 
Fig. 5.Most frequency eye movement velocity and run objectives (*:p<0.05, **:p<0.01) 
Fig. 6. Saccade duration and run objectives (**:p<0.01) 
3. Estimation of mental work load by machine learning methods 
Through the experiment described in Section 2, we find that there is a relation between the MWL of motorcycle 
riders and their eye movement patterns. So, we attempt to utilize this relation to distinguish whether a rider is 
performing run objective 1 or 2. In Below, we discuss machine learning methods and its application to eye 
movement parameters. 
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3.1. Calculation of eye movement parameters 
In this research, the eye movement parameters in Table 1 are calculated and applied in the discrimination of run 
objectives (1 or 2). We define (1) saccade amplitude as the distance of movement between two points of gaze within 
one saccade and (2) fixations (short stops) or trackings as eye movements that are neither saccade movements nor 
blinks. Two laps are run under each set of test conditions, with one parameter calculated per lap. As there is some 
concern that individual differences among riders will have a considerable impact on measured values, we calculate a 
z-score of relevant parameters for each participant for subsequent application in machine learning methods. 
Table 1.Parameters of eye movements 
3.2. Application to machine learning methods 
A total of 48 data sets were prepared for use in machine learning methods―12 participants (test riders) × run 
objectives(2 conditions) × 2 runs (2 laps). To validate the accuracy of the machine learning methods, the cross-
variation method was used. More specifically, we took the four data sets (2 run objectives × 2 runs) of one rider as 
evaluation data and the 44 remaining data sets as training data. Then, by applying machine learning method to the 
training data sets, we obtain a discriminant function that can then be applied to the evaluation data set to 
discriminate the run objective. Finally, we evaluate the discrimination accuracy. The accuracy of discrimination was 
evaluated by comparing (1) the number of evaluation data sets for which the determination of run objective was 
successful against (2) the total number of evaluation data sets. The discrimination accuracy is calculated as the ratio 
of (1) to (2). This assessment is continued for each of the 12 participants to arrive at an average evaluation accuracy 
for each, and this in turn is used an index for evaluating the discrimination accuracy of assorted machine learning 
methods (we examine three in this research: boosting [9], radial based function (RBF) network [10-12], and support 
vector machine (SVM)[13,14]). 
3.3. Application results  
The discrimination accuracy of run objective by machine learning methods is shown in Table 2. In the table, the 
discrimination accuracy of evaluation data is shown as the average for 12 participants with regards to evaluation 
data.  
From the table, we can see that discrimination accuracy for training data exceeds 85% with all methods. An 
extremely high accuracy is realized at about 89% for RBF in particular. In contrast, for test data, the boosting and 
SVM method have high discrimination accuracy which is approximately 81%.However, the RBF has lowest 
discrimination accuracy. This may be explained by the fact that the training data may exist outside the distribution 
area (i.e., extrapolated area).RBF creates a response surface of which objective value reaches zero in an extrapolated 
region, thus it has low accuracy for the test data. However, the discrimination accuracy of RBF is the highest in the 
interpolated domain. Therefore, the accuracy for the current test data might be improved if the interpolated domain 
was expanded and it contained the test data by increasing the amount of training data. 
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Table 2.Discrimination accuracy of run objective by machine learning methods 
4. Conclusion 
This research aimed to propose a method for detecting increasing of rider MWL during motorcycle operation, we 
investigated the application of machine learning methods to detect increasing of MWL through the use of eye 
movement parameters measured under present run objectives set to provide different levels of rider MWL. As a 
result, discrimination functions were found through machine learning methods that allow us to detect increasing of 
MWL with an accuracy of over 80%, under set experimental conditions. 
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